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Data Mining Reference
Intervals by ICD-10 Stratified
Differential Distributions

To the Editor:

Personalized reference intervals are in-
valuable for the laboratory assessment
of an increasingly aging population
(1). To contextualize clinical labora-
tory results, accurate reference inter-
vals (Rls) provide a baseline for
comparison of the individual’s test re-
sult. Demographic factors “age” and
“sex” influence position and width
of observed test result variance the
most, yet the varying health status of
patients also contributes to the re-
sidual variance of test results in strati-
fied reference populations for indirect
RI estimation and widens the inferred
RIs. This is especially an issue for po-
pulations of elderly patients, where
the prevalence of comorbidities in-
creases with age (2). Determining
what constitutes a “healthy” elderly
person and what is a clinically insig-
nificant or “normal” test result is a
challenging task (3).

To address this problem, we
propose use of the “Differential
Distribution Method” (DDM). In
addition to the patients’ sex and
age, it utilizes codes from the
International ~ Classification ~ of
Diseases coding system, Tenth
Edition (ICD-10), along with pa-
tients’ measurement results to differ-
entiate the distribution of a “healthy”
reference population from a general
distribution. This is achieved by fil-
tering out test results with statistically
significant variance when grouped by
co-occurrence of associated ICD-10
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codes. These groups are formed
based on any ICD-10 codes appear-
ing among patients, whether as a sin-
gle code or together with others. By
partitioning values by groups of
ICD-10 codes, these groups may
provide an accurate representation
of common comorbidities in a gen-
eral clinical setting.

The DDM involves 4 stages:
stratification, clustering, statistical
testing, and Rl inference. First, test re-
sults of a specified analyte are stratified
by sex (male/female) and predefined
age ranges (20 to 29, 30 to 39, ...
70 to 79, and 80 to 89). For any
combination of the factors “sex”
and “age range” (“slice”), a total dis-
tribution covering all values (“Global
Distribution”, GD) is created and the
entirety of unique diagnoses in
ICD-10 code format are extracted
(three-letter code). Second, the
ICD-10 codes are clustered using
the word2vec natural language pro-
cessing (NLP) algorithm based on
the resulting similarity ~matrix.
Third, for each individual diagnosis
in the slice, test results are grouped
by the obtained clusters and com-
pared to the GD, assessing whether
the distributions differ significantly.
Fourth, test results showing statistic-
al significance, as established by
t-testing with P values <0.05 (ad-
justed for multiple comparisons),
are removed from the individual
age- and sex-stratified slices to create
the “Differential Distributions”
(DD), from which Rls are esti-
mated by an iterative parametric
approach (4).

The data set used for illustra-
tion consisted of 226527 test re-
sults of plasma creatinine from
inpatients, 20 to 90 years of age, de-
scribed elsewhere (5). Overall vari-
ance increased with age for
creatinine levels of both female
and male study participants.
Among the ICD-10 codes that
were associated with significantly
elevated test results relative to the
GD, codes referred to renal (N17,
N18, and NI19) and systemic

diseases (E66, I10, and I50) as
well as traumatic injuries or thera-
peutic intervention (SO01, S02,
S06, V99, Y84, and Z98). The cre-
ation of DDs resulted in removing
large portions of results, which
slightly increased the 90% confi-
dence intervals; however, the in-
ferred Rls were notably narrower
across all strata (Table 1).

Routine testing enables the
identification of “pathological” va-
lues indicative of an underlying
health condition but also generates
a substantial volume of “non-
pathological” values. The initial cre-
atinine data showed a concentration
of values within the expected
“healthy” range yet presented high
variance and long distribution tails.
Comorbidity-associated removal of
results that originate from a signifi-
cantly different distribution reduced
the variance in the stratified refer-
ence populations compared to the
GD. The DDM provides valuable
insights into which ICD-10 subpo-
pulations skew the GD the most
and generate distribution tails, i.e.,
which ICD-10 diagnoses likely con-
tribute mostly pathological values.

The clustering reliably pro-
duces ICD-10 code groups, which
may have previously unconsidered
implications on their own regarding
co-occurrence of particular diagno-
ses. Further research is necessary to
assess the interpretation of the clus-
tering, as the hierarchical approach
of the DDM does not incorporate
the clinical context from the start.
Additionally, the qualitative aspects
of ICD-10 codes used in this retro-
spective study require further exam-
ination, particularly whether these
are consistently recorded, accurately
reflect the patient’s conditions at
the time of testing, or if they were
only subsequently assigned based on
the test results. Tailoring methods
at this level of detail is the topic of
future research. Limitations of the
use of ICD-10 codes are inherent
in the described procedures too.

The DDM tailors Rls specifically
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Table 1. Creatinine reference intervals (X5 s:, and Xo7 5t percentiles in mg/dL) for indicated age ranges
inferred from the various distributions.?

Global Distribution (GD)

Differential Distribution (DD) with clustering
Age range (in years) n X2.5th X97.5th n X2.5th X97.5th
Female
20-29 8858 0.33 (0.32-0.33) 0.93 (0.92-0.93) 837 0.43 (0.42-0.44) 0.87 (0.86-0.88)
30-39 13505 0.33 (0.33-0.34) 0.93 (0.92-0.93) 888 0.42 (0.40-0.43) 0.94 (0.92-0.95)
40-49 10379 0.41 (0.40-0.41) 0.97 (0.97-0.98) 4164 0.45 (0.45-0.46) 0.97 (0.96-0.98)
50-59 14 862 0.42 (0.42-0.43) 1.00 (0.99-0.99) 3349 0.45 (0.45-0.46) 0.98 (0.98-0.99)
60-69 18 037 0.41 (0.40-0.41) 1.05 (1.05-1.06) 1481 0.45 (0.45-0.47) 1.02 (1.01-1.04)
70-79 22113 0.41 (0.40-0.41) 1.13 (1.13-1.14) 657 0.45 (0.44-0.48) 1.09 (1.07-1.11)
80-89 17 240 0.40 (0.39-0.40) 1.27 (1.26-1.28) 313 0.44 (0.41-0.48) 1.17 (1.13-1.20)
Male
20-29 5827 0.57 (0.56-0.58) 1.17 (1.16-1.17) 2638 0.62 (0.62-0.63) 1.14 (1.13-1.15)
30-39 7434 0.55 (0.55-0.56) 1.19 (1.18-1.20) 3354 0.59 (0.59-0.60) 1.18 (1.17-1.19)
40-49 11854 0.55 (0.55-0.56) 1.19 (1.19-1.20) 3489 0.59 (0.58-0.60) 1.19 (1.18-1.19)
50-59 23049 0.52 (0.51-0.52) 1.24 (1.24-1.25) 2402 0.58 (0.56-0.58) 1.21 (1.20-1.22)
60-69 31055 0.51 (0.50-0.51) 1.30 (1.30-1.31) 711 0.60 (0.58-0.62) 1.22 (1.20-1.24)
70-79 31754 0.53 (0.52-0.53) 1.39 (1.39-1.40) 708 0.58 (0.55-0.60) 1.35(1.32-1.37)
80-89 15743 0.54 (0.53-0.54) 1.55 (1.54-1.55) 641 0.54 (0.52-0.58) 1.40 (1.37-1.43)

“Reference interval estimates are drawn from the Global Distribution (GD, left) and the Differential Distribution (DD) generated using hier-
archical clustering with 800 clusters (right). Obtained Rls also contain the 90% confidence intervals in brackets, indicating their associated
precision. Measurements were converted with 1 pmol/L=0.01131 mg/dL.

for the locally admitted patient
population, by accounting for
age-related  and  circumstantial
physiological changes, while exclud-
ing severe pathologies (diabetes,
hypertension, traumatic injuries,
etc.). By integrating ICD-10 codes,
this enhances diagnostic utility and
reduces the need for further testing
by providing more personalized
comparison tools. It is essential to
consider the patients’ health status
not only during the diagnostic pro-
cess but likewise when establishing
more personalized Rls: The better
the RIs fit the comorbidity patterns,
the more useful they will be for clin-
ical practice.
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